Roads are one of the most important infrastructural objects for each country. Slow development of third world countries is partially influenced by missing roads. Therefore, United Nation (UN) enlisted them inside the ninth Sustainable Development Goal (SDG) whose achievement highly relies on geospatial data. Since the authoritative data for the majority of developing countries are incomplete and unavailable, the focus of this study is on free data. The conveyed research, explained in this paper, was divided in two parts. The first one refers to completeness and positional accuracy assessment of three different road data sets (freely available). The second part was focused only on OpenStreetMap (OSM) since it showed the best results in the previous stage. Thus, OSM was used to compute (in the second part of the research) and analyse the road accessibility rate within the buffer zone of two kilometers from human settlements. To locate human settlements,
INTRODUCTION
Good infrastructure has a vast effect on the whole sustainable development of a country, ie. economy, industry and trade. The efficient road network, is a part of infrastructure that is required to maximize economic and social benefits of any country (Ivanova and Masarova, 2013) .
The importance of having strong and well-structured network of roads is also shown through the United Nations' Sustainable Development Goals (UN SDGs) (https://doi.org/10.18356/29c75b3e-en) in which the ninth goal focuses on Industry, Innovation and Infrastructure. Each SDG is characterized by indicators that are frameworks for future actions and analysis. Particularly for goal nine, the indicator 9.1.1 considers the proportion of the rural population who live within 2 km of all-season roads. This indicator will address governments, stakeholders, and decision makers where they should invest in road infrastructure. In order to achieve its successful computation, as well as the similar ones, geospatial data related to population and roads are required. Since collection of those data is demanding, regarding both, money and time, free and open data were used in this research. However, before using those roads data for any kind of purpose their quality has to be examined and secured.
That fact raises the core research questions: "How to analyse free and open road data and how to accomplish the calculation of road accessibility rate (RAR)?" More specifically, the study aimed to achieve the following specific research objectives:
 To identify the most reliable free road data source;  To create a workflow for computation of RAR (similar to SDG indicator 9.1.1) by exploiting just Free and Open Source Software (FOSS);  To present results applying multi-dimensional visualization that is understandable for policymakers.
The area of interest is on three neighbouring African countries: Kenya, Tanzania and Uganda (Figure 1 ). They were chosen because the data model representing roads is the same for all of them and because interest in assembling and organizing free geospatial data is increasing in developing countries (Goodchild, 2007) . Another fact was manifested by a growing number of volunteered geographic information (VGI) projects, collecting data in that region. The research paper is structured as it follows: The first section introduces the area of interest, methodology and main research goals. Section 2 reviews related works with similar topics. Section 3 shows the positional accuracy and completeness analysis of three roads data sets. The most accurate one was used in Section 4 to compute the RAR. Section 5 summarizes the completed work and suggests steps for future researches.
RELATED WORKS
The quality analyses of free road data were topic of many researches. They consist of comparing a free data set (like OpenStreetMap-OSM) to the other data set (usually authoritative data or satellite imagery) which is considered as more accurate (Haklay, 2010) . While several studies had the main focus just on the completeness (Zielstra et al. 2011 ) other compared geometries, thematic attributes of road network data and their positional differences (Ludwig et al., 2011 (Mooney and Corcoran, 2014; Neis and Zipf, 2012) .
Some researches were focused on the analysis of attributes assigned to road data (Leitner and Arsanjani, 2017) . For instance, features referring to the seasonality of roads were useful while investigating access of population to these roads (Nkomo et al., 2016) . According to Vincent (2018) , missing that piece of information partially caused the failure of study, conveyed by The World Bank Group, that developed Rural Access Index (equal to SDGs indicator 9.1.1) in 2006.
Free and Open Source Software for Geospatial (FOSS4G) can be used to assess the quality of open datasets (Brovelli et al., 2015) . These softwares are available to everyone, and they can also support personalized development of specific extensions (Martinez-Llario et al., 2009) . Using FOSS, the source codes are available publicly, so they offer higher degree of flexibility to broader group of users and researchers. (Brovelli et al., 2016) .
ANALYSIS OF FREE GEOSPATIAL DATA
The first step in the analysis of Free Geospatial road data in this research was the evaluation of the completeness and positional accuracy. Completeness accuracy serves to measure the gap in data collection. Deficiency of data can cause partial view of the overall picture. This considers discrepancies between the evaluated data set and a data set that is considered to have sufficient completeness (e.g. high-resolution satellite imagery). "Positional accuracy is a measurement of the variance of map features and the true position of the attribute (Antenucci et al., 1991) ." Positional accuracy and completeness are included in both standards: European (CEN, 1995) and US (USGS, 1990), (Table 1) . Data, that showed the greatest level of positional and completeness accuracy, were used in the second part of research for computation of RAR. Yet, to have more reliable information about the completeness, visual inspection was done. The data to be analysed here are rather complex, thus they were divided into regular cells i.e. grid to simplify the procedure. There are various grid shapes, but only three have regular geometric form (equilateral and equal internal angles) that ensure continuity in a dataset . They are: equilateral triangle, square and hexagon. Among these shapes, the more similar to a circle the polygon is, the closer to the centroid the points near the border are (Moreira de Sousa and Leitão, 2017). Therefore, the area of interest was divided in hexagon grid with the apothem of 10 km that can give enough data inside boundaries but yet not too large. From total number of hexagons in all three countries is 4422, a sample of 220 randomly chosen hexagons was used for road data accuracy estimation, and the following procedure was repeated for each of them. A hexagon was used to represent a "bounding box" where three evaluators were checking road data accuracy, independently of each other. The assessment of the completeness of features was done by the visual comparison of road data sets with Bing Aerial imagery (hereafter satellite imagery) in QGIS.
European Standard (European
Before performing visual "inspection", comparisons between temporal resolutions of satellite imagery and each road data set were accomplished. Under assumption that complete data set does not exist, evaluators had the opportunity to assign one of the three attributes representing completeness:
 sufficient -existing road data were also visible on satellite imagery;  excessive -road data existed, but could not be recognized on satellite imagery;  no data -road data were missing.
The value assigned by at least two evaluators was considered as the final one for completeness of the data.
Regarding the estimation of positional accuracy, only hexagons where roads were labeled as sufficient were taken into account. At first, each evaluator was searching for the feature (usually crossroad) represented by the road data set which was recognizable on the satellite imagery. After that, the distance between same feature in data set and satellite imagery was assigned as the value for the positional accuracy. Since evaluators worked individually they chose different features to measure that distance. Finally, the positional accuracy of complete road data set was the mean of positional accuracies of individual hexagons.
Results of visual analysis approach for road completeness and positional accuracy
For all datasets majority of hexagons were classified as 'sufficient'. However, results in Table 3 are proving that OSM is the most complete, with 219 hexagons as 'sufficient' and just one hexagon classified as "excessive". CIESIN and DCW datasets contain 24% and 28% (respectively) hexagons that are missing data or assigned as "excessive". The analysis of statistics showed that OSM road data are the most reliable for further research. OSM road data are often enriched by information about road surface. Road surface categories can be generic, simply distinguishing between natural and man-made materials (unpaved and paved) on the road surface. On the other hand, more detailed categorization sets apart specific materials (e.g. asphalt or gravel), but eventually they can be assigned to one of the generic categories. In example of Kenya's roads, 56% of the roads are not labeled with the surface categories. The share of unpaved roads is 24% if only accounting for the roads explicitly labeled as unpaved. However, if dirt, gravel, ground and sand roads are added (as they are natural materials), the unpaved road share raises to 34%. The remaining 10% of the roads in Kenya are paved. (Figure 3 ). Among 10 generic classes that appropriately describe the land surface the class Built-up areas is devoted to human settlement. The Coordinate Reference System used for the CCI+ is a geographic coordinate system based on the World Geodetic System 84 (WGS84) reference ellipsoid. GL30 (http://www.globallandcover.com) is a product of "Global Land Cover Mapping at Finer Resolution" project led by the National Geomatics Center of China (NGCC). GL30 refers to land cover of the earth between latitude 80°N to 80°S, containing 10 classes with different land cover types. Pixels representing human settlement (PHS) belong to class Artificial surface and their value is 80. The resolution of GL30 is 30 meters and it adopts WGS84 coordinate system. For this paper, GL30 from reference year of 2015 was used.
GHS (https://ghsl.jrc.ec.europa.eu/ghs_bu.php), as a part of Global Human Settlement Layer project, is supported by the European Commission (EC), Joint Research Center and Directorate-General for Regional and Urban Policy. GHS is a 38 meter resolution binary raster in which values are expressed in byte from 1 (for non-built areas) to 101 (for built-up areas), with 0 representing no data. Data used for this paper refer to 2015 and they are in Spherical Mercator projection. Table 5 . Characteristics of different raster data
The computation of population density was based on Worldpop (http://www.worldpop.org.uk) raster, which is a result of mapping project of numerous universities, agencies and organizations. This raster, whose resolution is 100 meters, EPSG 4326, represents distribution of human population for 2015.
Procedure applied for human settlement extraction and RAR computation
For each hexagon the RAR was computed (Equation 1 ), representing the ratio of length of roads inside 2 km buffer around the settlement and the area of settlement. Priorly, the algorithm (Figure 4 ) was developed and used to generate input parameters for its calculation.
The development of algorithm and execution was done in Python (version 3.6.) programming language. Step 1 is masking and cropping of the raster, by the extent of a hexagon. Steps 2 and 3 represent process of vectorisation. At first, the cropped part of raster is sampled at the points representing human settlement. As a result, vector points positioned in centers of those pixels are generated. Than, squares of size equal to the pixel size and centered to the coordinates are created. By merging the squares (Step 4) the human settlement is defined and afterwards buffer zones are built (Step 5). At the end the length of OSM inside settlement and two buffer zones is computed.
The algorithm includes following Python packages/libraries:
1. Rasterio (GDAL and NumPy Python library for geospatial raster data access) 2. Shapely (Package for manipulation and analysis of planar geometric objects) 3. Numpy (Package for scientific computations) 4. Geopandas (Package that enables user to do in Python that would otherwise require a spatial database such as PostGIS)
The computation of the surface of the human settlement for each hexagon (Step 4 - Figure 4 ), was included in the algorithm and executed simultaneously with its remainder.
Results and multidimensional visualization
For multidimensional interpretation of the results, the Qgis2threejs plugin of QGIS was used. For each hexagon the value H (Equation 2) was computed, representing the normalized value of RAR with respect to maximum value of RAR (for each country and land cover map individually).
Figure 5. Human settlements "detected" by CCI+ for Uganda Looking at Figure 5 , one can notice different shades of blue. They are depicting different density of population per square kilometer. The darker the color is, the greater is the density. The height of hexagons is defined by normalized RAR value (H). Its value goes from 0 to 100. The hexagon in red rectangle ( Figure  5) is showing the greatest value of H. It means that the accessibility of roads within 2 kilometers around a human settlement 'detected' within CCI+ is good. It might happen that the detection of settlement using CCI+ is wrong, but in this particular case, computation of parameter H based on GL30 and GHS gave the same result [H=100] (check red rectangles on Figures 6 and 7) . 
CONCLUSION
OSM, has proved to be the most complete and positinaly accurate out of 3 free geospatial data set evaluated in this research. Based on it, the RAR was computed and visualized in a such a way that one can understand where the road infrastructure has to be improved or where potentially OSM road data are missing.
Inclusion of additional data/parameters, like morphology of terrain, would give more realistic image of the RAR. For the purposes of this paper, just the roads in the horizontal plane were considered which means that, in our simplified model, no vertical obstacle exists between settlements and roads. Also, seasonal variability of roads has to be taken into account in future researches, since majority of roads are unpaved and their existence/usage highly depends on meteorological conditions.
Beside the assessment of positional/completeness accuracy and results of RAR, this paper promotes the usage of FOSS in GIS. The complete workload was carried out with QGIS and Python, using free geospatial data, which are available for everyone. This fact is important for the people in developing countries dealing with GIS, since they usually miss data and funds for investment in proprietary software.
